With the emergence of diverse mobile applications (such as augmented reality), the quality of experience of mobile users is greatly limited by their computation capacity and finite battery lifetime. Mobile edge computing (MEC) and wireless power transfer are promising to address this issue. However, these two techniques are susceptible to propagation delay and loss. Motivated by the chance of short-distance line-of-sight achieved by leveraging unmanned aerial vehicle (UAV) communications, an UAV-enabled wireless powered MEC system is studied. A power minimization problem is formulated subject to the constraints on the number of the computation bits and energy harvesting causality. The problem is non-convex and challenging to tackle. An alternative optimization algorithm is proposed based on sequential convex optimization. Simulation results show that our proposed design is superior to other benchmark schemes and the proposed algorithm is efficient in terms of the convergence.
I. INTRODUCTION
W ITH the development of Internet of Things (IoT), the emerging diverse mobile applications (augmented reality, face recognition, mobile online gaming, etc.) enable mobile users to enjoy a high quality of experience [1] . However, these applications are latency-sensitive and need a high computation capability. Due to the limited battery and low computation capability, it is challenging for mobile devices to execute these applications [2] , [3] . Fortunately, mobile edge computing (MEC) has been recognized as a promising technique to tackle this challenge [4] . It provides the edge network with cloud computing service. Mobile users can offload their computation tasks into the edge network. Unlike mobile cloud computing (MCC), network edge devices in MEC, such as access points, can perform cloud-like computing and are deployed in close proximity to users. MEC has received increasing attention in both academia and industry since it has advantages of saving energy for users, providing low latency services and achieving security for mobile applications [5] - [9] .
On the other hand, wireless power transfer (WPT) techniques are promising for prolonging the operational time of energy-limited mobile devices [10] , [11] . Particularly, radio frequency (RF) signals are used as energy sources for energy harvesting (EH). Compared to the conventional EH techniques, such as solar charging, WPT techniques can provide a controllable and stable power. They are important for energy-limited mobile devices, which are required to execute local lowcomputation tasks and offload computation-extensive tasks [6]- [9] . However, the harvested power level is greatly influenced by the severe propagation loss. Recently, an unmanned aerial vehicle (UAV)-enabled WPT architecture has been proposed to improve the energy transfer efficiency [12] . It utilizes an UAV as an energy transmitter for powering the ground mobile users. It was shown that the harvested power level can be significantly improved due to the higher chance of shortdistance line-of-sight (LoS) energy transmit links [13] .
Motivated by the UAV-enabled WPT architecture, a UAVenabled wireless powered MEC system is studied in this paper. In the system, the UAV transmits energy to multiple ground users and the ground users exploit the harvested energy for local computing and computation tasks offloading. To the authors' best knowledge, this is the first work that establishes an UAV-enabled wireless powered MEC system and studies the joint optimization of computation offloading and trajectory design. The related works are summarized as follows.
In [5] , the revenue of the wireless cellular networks with MEC was maximized by jointly optimizing the computation offloading decision and resource allocation. The authors in [6] - [9] extended the resource allocation problems into wireless powered MEC systems. Specifically, in [6] , an energyefficient resource allocation strategy was proposed by jointly optimizing the number of the local computation bits and the offloading computation bits under the causal energy harvesting constraint. The authors in [7] proposed an efficient reinforcement learning-based resource management scheme in an MEC system with energy harvesting. It was shown that the computation performance can be significantly improved by using the proposed algorithm. In [8] and [9] , a joint optimization framework was proposed in wireless powered MEC systems with different operational paradigms, namely, binary and partial offloading, respectively. In the binary offloading paradigm, the computation task is completely executed in mobile devices or offloaded into network edge devices for computing. In the partial offloading paradigm, the computation task can be divided into two parts, one for local computing and the other for offloading. The computation rate was maximized in [8] and the transmit power was minimized in [9] by jointly optimizing the computing frequency and the transmit power.
In [6] - [9] , the access point or the energy transmitter equipped with an MEC server is deployed at the fixed location. It results in a low energy transfer efficiency due to the severe propagation loss [10] , [11] . In order to tackle this issue, the authors designed UAV-enabled wireless powered systems and jointly optimized the resource allocation and trajectory of the UAV [12] , [13] . However, MEC was not considered in [12] and [13] . Recently, an UAV-enabled MEC system was designed in [14] and the transmit power of users was minimized by jointly optimizing the number of the local computation bits, the offloading computation bits and the downloading bits.
Different from [12] - [14] , an UAV-enabled wireless powered MEC system is studied in this paper. A power minimization problem is formulated by jointly optimizing the number of the offloading computation bits, the local computation frequencies of users and the UAV, and the trajectory of the UAV. It is challenging to solve the formulated non-convex problem due to the existing couple among the optimized variables. An alternative optimization algorithm is proposed to solve it by using the sequential convex optimization (SCA) techniques. Simulation results show that our proposed resource allocation scheme outperforms other benchmark schemes.
The remainder of this paper is organized as follows. The system model is presented in Section II. Section III presents the energy minimization problem. Section IV presents simulation results. The paper concludes with Section V.
II. SYSTEM MODEL
An UAV-enabled wireless powered MEC system is considered in Fig. 1 , where an UAV equipped with an MEC server transmits energy to users and provides MEC services for these users. In this paper, the partial offloading paradigm is applied. Similar to [8] and [9] , users can simultaneously perform energy harvesting, local computing and computation offloading. Without loss of generality, a three-dimensional (3D) Euclidean coordinate is adopted. Each user is fixed at the ground. The location of the th ground user is denoted by q , where q = [ , ], ∈ and = {1, 2, ⋅ ⋅ ⋅ , }. Boldface lower case letters represent vectors, and and are the horizontal plane coordinate of the th ground user. It is assumed that the positions of users are known to the UAV for designing trajectory. A finite time horizon with during is considered. During the finite time, the UAV flies at a fixed altitude ( > 0). A block fading channel model is applied. During the finite time, the channel is unchanged.
For ease of exposition, the finite time is discretized into equal-time slots, denoted by = 1, 2, ⋅ ⋅ ⋅ , . At the th slot, it is assumed that the horizontal plane coordinate of the UAV
. Similar to [13] - [15] , it is assumed that the wireless channel between the UAV and each user is dominated by the LoS channel. Thus, the channel power gain between the UAV and the th user is denoted by ℎ [ ], given as
where 0 is the channel power gain at a reference distance 0 = 1 m; , is the horizontal plane distance between the UAV and the th user at the th slot, ∈ , = {1, 2, ⋅ ⋅ ⋅ , }, and ∥⋅∥ denotes its Euclidean norm. In order to reach meaningful insights into the design of an UAV-enabled wireless powered MEC system, similar to [6] - [10] , a linear EH model is applied. Thus, the harvested energy at the th user during time slots denoted by [ ], is given as
where denotes the energy conservation efficiency, 0 < ≤ 1 and is the transmit power of the UAV. In this paper, the UAV employs a constant power transmission [12] - [15] . During the th slot, all users perform energy harvesting, local computing and computation offloading. In order for all users to offload their bits to the UAV for computation, a time division multiple access (TDMA) protocol is applied. The time interval / is divided into time slots with duration = /( ) and
users offload their computation bits to the UAV one by one. Similar to [6] - [9] , the received energy and the energy for transmitting the computed results of the UAV are ignored.
Let [ ] and [ ] denote the number of the offloading bits and the central processing unit (CPU) frequency (cycles/s) of the th user at the th slot, respectively. Thus, the transmit power of the th user for offloading [ ] computation bits denoted by [ ], is given as
where is the communication bandwidth and 2 denotes the noise power at the user. In (3), Γ is a constant related to the gap from the channel capacity owning to a practical coding and modulation scheme. It is assumed that Γ = 1 in this paper for simplicity. Let [ ] denote the CPU frequency of the UAV at the th slot. According to [6] - [9] , the energy consumed for the local computation at the th user and that for the offloading computation at the UAV in the th slot are denoted by , [ ] and , [ ], respectively given as
,
where is the effective switched capacitance of the CPU. Similar to the works in [14] and [16] , the propulsion energy consumption model at the UAV due to the flying in the th slot denoted by [ ], is given as
where = 0.5 / and is the mass of the UAV. Note that the propulsion energy consumption model employed in this paper only depends on the velocity. In future work, we will exploit a more general model that considers both the velocity and acceleration of the UAV.
III. ENERGY MINIMIZATION DESIGN

A. The Energy Minimization Problem Formulation
In the UAV-enabled wireless powered MEC system, in order to minimize the energy consumed at the UAV while guaranteeing the computation bits of all users, the number of the offloading computation bits and the CPU frequency of the users, the CPU frequency and the trajectory of the UAV are jointly optimized. The energy minimization problem can be formulated as P 1 , given as
where Ξ denotes the variable set consisting of
denotes the total number of the computation bits of the th user; max is the maximum flying speed of the UAV; q 0 and q are the destined initial and final locations of the UAV, respectively; denotes the number of CPU cycles required for computing one bit at the user and the UAV. − denotes the set other than . The constraint 1 is the total computation bits required at the th user; 2 is the energy causal constraint that the energy consumed for the local computation and offloading computation bits cannot be higher than the harvesting energy;
3 represents that the number of the computation bits at the UAV in the th slots cannot be higher than the total number of the offloading computation bits of all users before the − 1th slot. Note that the UAV starts to compute the offloading bits at the th slots only when all users finish offloading the computation bits of the −1th slot; 4 denotes that all the offloading computation bits of users should be computed; 5 represents that the UAV does not execute the computation task in the first slot and all users do not offload their computation tasks in the last slot; 6 is the flying speed constraint and 7 is the initial and final locations constraint related to the UAV.
It is challenging to solve the non-convex problem P 1 due to the presence of the couple among the optimization variables q [ ], [ ] and [ ]. An alternative algorithm is proposed to solve P 1 in the following subsection.
B. Computation Offloading And CPU Frequency Optimization
It is seen from P 1 that P 1 is convex for a given trajectory q [ ]. Thus, for a given q [ ], P 1 can be transformed as P 2 , given as
s.t. 1 − 5 and 8.
Since P 2 is convex, it can be solved by using the Lagrange duality method [17] , [18] . By solving P 2 , Theorem 1 can be obtained as follows. Theorem 1: For a given trajectory q [ ], the optimal offloading computation bits and the CPU frequency of the users, and the CPU frequency of the UAV denoted by [ ] , [ ] and [ ], can be respectively given as
where ≥ 0, , ≥ 0 and ≥ 0 are the dual variables associated with the constraints 1, 2, 3 and 4, respectively.
Proof: See Appendix A. Remark 1: Theorem 1 indicates that the CPU frequency of the UAV increases with the time slots since > 0 and ≥ 0 when = 2, 3, ⋅ ⋅ ⋅ , − 1. It means that the total number of the offloading computation bits increases with the time slots. Thus, in order to decrease the total energy consumed at the UAV, users need to allocate a high energy for local computation so that the number of the offloading computation can be decreased. It is also seen that the number of the offloading computation bits is increased when the channel condition between the UAV and users is improved. This indicates that the number of the offloading computation bits of users increases with the decrease of the distance between the user and the UAV. Finally, the dual variables can be obtained by using the subgradient algorithm [19] .
C. Trajectory Optimization
For any given number of the offloading computation bits, the CPU frequencies of users and the UAV, the trajectory optimization problem can be formulated as P 3 , given as
(9b)
Due to the constraint 2, P 3 is non-convex. In order to tackle 2, the SCA technique is exploited. It can guarantee that the obtained solutions satisfy the Karush-Kuhn-Tucker (KKT) conditions of P 3 . By using the SCA technique, Theorem 2 is given as follows.
Theorem 2: For any local trajectory q [ ] , ∈ at the th iteration, one has
where the equality holds when q [ ] = q [ ].
Proof: Let ( ) = + , where and are positive constants, and ≥ 0. Since ( ) is convex with respect to , the following inequality can be obtain:
where 0 is a given local point. By using eq. (11), Theorem 2 is obtained.
Using Theorem 2, P 3 can be solved by iteratively solving the approximate problem P 4 , given as
s.t. 6 and 7,
It is seen that P 4 is convex and can be readily solved by using the software CVX [10] . Based on solving P 2 and P 4 , an alternative optimization algorithm denoted by Algorithm 1 is given to solve P 1 . The details for Algorithm 1 can be found in Table 1 . In Table 1 , denotes the value of the objective function of P 1 . 
IV. SIMULATION RESULTS
In this section, simulation results are presented to compare the performance obtained by using our proposed design with that achieved by using two benchmark schemes, denoted by Scheme 1 and Scheme 2, respectively. In Scheme 1, the UAV flies straight with a constant speed from the initial position to the final position. In Scheme 2, the UAV flies along the trajectory that is a semi-circle with its diameter being ∥q − q 0 ∥. The converge performance of the proposed algorithm is also evaluated by simulation results. The simulation settings are based on the works in [9] and [14] . The positions and the total Table II . smoothly with a higher speed to the final position. The reason is that the UAV needs to provide more energy to User 2 and User 3, which has a larger number of computation bits to be offloaded. Moreover, in order to control the total number of the computation bits of all users offloaded to the UAV, the UAV flies with a higher speed in the end of the flying time so that the harvested energy of users used for offloading the computation bits can be compromised. Fig. 3 shows the total energy consumed at the UAV versus the time length of the UAV flying under different schemes. It is seen that the energy consumed at the UAV by using our proposed scheme is the smallest among those by using the benchmark schemes. This demonstrates that our proposed scheme that jointly optimizes the number of the offloading computation bits, the CPU frequency of users and the UAV, and the trajectory of the UAV can is more efficient in terms of the energy minimization of the UAV. It is also seen that the total energy consumed at the UAV decreases with the increase of the time length of the UAV flying, irrespective of the adopted scheme. It can be explained by the fact that the total energy consumed at the UAV is dominated by the flying speed and the CPU frequency of the UAV, and the flying speed and the CPU frequency can be decreased when the flying time is increased. Fig. 4 is presented to verify the efficiency of our proposed alternative algorithm. It can be seen that only several number of iterations are required for Algorithm 1 to converge. 
V. CONCLUSION
An UAV-enabled wireless powered MEC system was studied where the UAV provides multiple ground users with computation offloading and sustainable operation opportunities. The number of the offloading computation bits and the CPU frequency of users, the CPU frequency and the trajectory of the UAV were jointly optimized in order to minimize the energy consumed at the UAV. An alternative algorithm was proposed based on the SCA techniques. Simulation results show that our proposed design outperforms other benchmark schemes and that the proposed algorithm only requires several number of iterations to converge.
APPENDIX A PROOF OF THEOREM 1
The Lagrangian of P 2 related to the proof is given by eq. (13) at the top of the previous page, where ≥ 0 and ≥ 0 are the dual variables related to the constraint 5; Ξ 1 is the set consisting of all optimization and dual variables. Thus, the derivations of the Lagrangian of P 2 with respect to [ ] and [ ], can be respectively given as
Let their derivations be zero. Thus, eq. (8a) and eq. (8c) are obtained. Let the derivation of the Lagrangian of P 2 with respect to [ ] be zero. One has
From eq. (15), eq. (8b) is obtained. The proof for Theorem 1 is completed.
